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Net community production (NCP) is defined as the difference between gross primary production (GPP) and total community respiration (R). NCP indicates the balance between the production and consumption of community organic carbon, therefore making it a key parameter for evaluating the efficiency of carbon sequestration using the biological pump (BP). It is difficult to quantify NCP directly via satellite, because there are complex processes in community production and respiration. We reviewed previous research on satellite-based NCP and classified the methods into two primary categories: empirical methods and semi-analytical methods. The former category was established based on numerical relationships between NCP and satellite-based proxies, while the latter was developed by utilizing mechanistic analysis to establish quantitative expressions linking NCP to such proxies. Although satellite-based calculations of NCP have been attempted, they still suffer from significant uncertainties. Future research should focus on the precise calculation of satellite-based NCP by investigating the underlying processes and mechanisms that regulate NCP, developing regional models, and increasing the resolution of satellite sensors, as well as applying satellite lidar and coordinated multi-sensor observation technology.
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1 Introduction

Oceans are the largest sinks of atmospheric CO2, as they absorb nearly one-third of anthropogenic CO2 (Sabine et al., 2004); therefore, they play an essential role in the Earth’s carbon cycle and climate. As one of the most important mechanisms for marine carbon sequestration, biological pump (BP) refers to the process by which phytoplankton in the euphotic zone synthesize organic carbon (OC) through photosynthesis and transfer it to the deep ocean, where carbon is stored for months to millennia. Without BP, atmospheric CO2 would be 200 ppm higher than the current level it is at (Falkowski, 2002).

NCP and export production (EP) are two critical terms of relevance to biological pump (Figure 1). NCP is defined as the difference between gross primary production (GPP) and total community respiration (R, including the autotrophic respiration (AR) of phytoplankton and the heterotrophic respiration (HR) of other organisms in the community), or the difference between net primary production (NPP, which represents the net fixation of inorganic carbon by autotrophs, equal to GPP minus AR) and HR. NCP estimates the amount of OC produced and available for export (Manning et al., 2017). Similarly, EP is the OC formed via GPP that is not degraded, and ultimately, it is transported to the depths as either particulate (POC) or dissolved organic carbon (DOC) (Brix et al., 2006; Nevison et al., 2018). Therefore, by definition, NCP is equivalent to EP at the steady-state stage; most ocean ecosystems meet this condition (Longhurst, 1995; Brix et al., 2006). The accurate calculation of NCP is essential for quantifying the uptake of atmospheric CO2 by oceans and biological carbon cycling (Stanley et al., 2010; Alkire et al., 2012; Hull et al., 2016).




Figure 1 | Schematic of the BP and NCP in the global marine organic carbon cycle. The mass-balance assumption that the sum of all inputs must equal that of all outputs is used to derive the OC balance equations for the coastal and open ocean. These equations are expressed as (Del Giorgio and Williams, 2005):  ;  . In the equations:   is the deposition of OC from the atmosphere;   is the input of OC from rivers;   is the input of OC produced in coastal ocean;   is OC exported from the ocean to the atmosphere;   is the net sedimentation of OC;   is the output from the coastal ocean to open ocean; P is photosynthesis, and R is respiration. The green and brown arrows (boxes) represent the input (production) and the output (consumption) of OC, respectively. OC is transported from upper ocean to depth through gravitational sinking (aggregation, excretion and intact phytoplankton cells), vertical migration (diel or longer timescales (Steinberg and Landry, 2017)) and physical mixing of DOC (Passow and Carlson, 2012; Nowicki et al., 2022). The evolution of NCP, which involves photosynthesis and respiration, is a critical part of the OC cycle.



Various approaches are used to calculate NCP, including in vitro incubation experiments and geochemical mass-balance methods that measure temporal changes in the parameters related to biological activity, such as oxygen (Sarma, 2004; Teeter et al., 2018; Cynar et al., 2022) and various forms of carbon, nitrogen, and phosphorus (Green and Sambrotto, 2006; Emerson, 2014; Yang et al., 2018). However, environmental factors can affect these measurements, such as dissolved inorganic carbon (DIC) in seawater, which is influenced by sea ice melting, river input, vertical mixing, and remineralization (Mathis et al., 2009). Furthermore, these methods have the defects of a low spatial and temporal resolution, and high-resolution and long-term NCP observations on a large scale have to be mainly obtained through the use of satellite remote sensing technology.

Ocean color satellites provide a valuable tool for NCP calculation due to their ability to obtain parameters related to the marine ecological environment. Since the coastal zone colour scanner (CZCS) equipped on the Nimbus-7 satellite was put into operation in the 1970s, ocean color sensors have recently entered the fine application stage. Satellite remote sensing observes the ocean color characteristics and then acquires the composition information of the water column using remote sensing reflectance ( ). After a series of data processing and inversion algorithm transformations, numerous data products can be derived from the raw data of ocean color satellite, including inherent optical properties (IOPs, e.g., phytoplankton absorption coefficient, particle backscattering coefficient, diffuse attenuation coefficient), constituent concentrations (e.g., chlorophyll concentration, suspended sediment concentration, colored dissolved organic matter concentration), and other secondary products (e.g., phytoplankton carbon biomass, particle size spectra), most of which are often required as inputs for NCP calculation.

Satellite-based NPP algorithms have undergone decades of development, advancing from simple empirical models initially to the current models that incorporate physiological relationships and environmental parameters. Furthermore, models that are specific to certain regions (Kameda and Ishizaka, 2005; Tripathy et al., 2012) and sizes of phytoplankton (Brewin et al., 2017; Curran et al., 2018) have also been developed. Unlike NPP, NCP is difficult to quantify via satellite because community respiration cannot be directly measured. Additionally, when NCP is considered to be the export production occurring at a certain depth and transported by complex pathways from the ocean’s surface, it is challenging to quantify NCP using ocean color remote sensing, which is limited to the first optical depth.

The central idea of NCP calculation using remote sensing is to establish a relationship between satellite-derived proxies and NCP, and then derive NCP indirectly by applying these proxies. This study conducted a literature review of satellite-based methods for estimating NCP and identified two primary categories: empirical models and semi-analytical models. Empirical models refer to establishing the relationship between several observable parameters and NCP through linear, multilinear, and other complex nonlinear regression algorithms. Semi-analytical models simulate NCP evolution processes, analyze the control mechanisms of these processes, and integrate these mechanisms into the satellite algorithm.




2 Empirical models for NCP calculation



2.1 Based on the relationship between NCP and NPP

Since NCP is equivalent to EP at the steady state, the ratio of NCP to NPP (e-ratio) serves as an indicator of carbon export efficiency in communities (Yang, 2021). One method for calculating satellite-based NCP involves estimating NPP using satellite observations and then multiplying this by the e-ratio. Therefore, selecting suitable models for deriving NPP and the e-ratio from satellite data are critical factors in improving the accuracy of NCP estimates.



2.1.1 The calculation of NPP by remote sensing

Since the first sensor devoted to observing ocean color was developed in the 1970s, a large number of satellite-based algorithms for calculating NPP have been established. Originally, remote sensing was used to retrieve chlorophyll concentration, and simple empirical relationships were used to calculate NPP (Lorenzen, 1970; Eppley et al., 1985). With the development of sensors and the understanding of the intrinsic mechanism of bio-optical properties, more parameters have been incorporated into NPP models, such as euphotic zone depth, photosynthetically active radiation, and the diffuse attenuation coefficient. Semi-analytical models that integrate the photosynthesis process have gradually emerged, and these models can be divided into three categories: chlorophyll-based, phytoplankton carbon-based, and phytoplankton absorption-based models.



2.1.1.1 Chlorophyll-based model

Net primary production derives from photosynthesis, and chlorophyll is a critical element in this process. Therefore, a chlorophyll-based NPP calculation model that takes into account phytoplankton physiological processes and the external factors that affect photosynthesis has been developed:







where   is the photosynthesis rate, expressed as the product of the energy conversion efficiency factor ( ) and chlorophyll-specific absorption ( );   is the chlorophyll concentration; and   is the absorbed photon energy. Since the spectral signature changes with the depth after the light penetrates the sea’s surface,   is expressed as the equation of the light wavelength and depth (Equation 3), and   is the diffuse attenuation coefficient (where   is the wavelength of light). A wavelength-resolved model of NPP can be expressed as (Behrenfeld and Falkowski, 1997):



It is noteworthy that the distribution of the chlorophyll concentration in the vertical dimension is not uniform, which is influenced by light and nutrients. Currently, data on the vertical distribution of the chlorophyll concentration mainly derives from in situ samples, autonomous platforms, and fluorescence profiles. Satellites can only observe elemental information of the first optical depth (surface waters), which accounts for only one-fifth of the total chlorophyll content in the euphotic zone, thus neglecting the variability of a deeper phytoplankton biomass (Morel and Berthon, 1989). Early studies inferred the vertical distribution pattern of water column chlorophyll based on statistical relationships between surface chlorophyll and that within the entire euphotic zone (Morel and Berthon, 1989). In recent years, researchers have used new analysis methods and modeling techniques such as machine learning to construct the three-dimensional spatial distribution of ocean chlorophyll, which expands the application of satellite-based surface parameters (Sauzède et al., 2015; Sammartino et al., 2018; Hu et al., 2023).




2.1.1.2 Phytoplankton carbon-based model

This model is proposed based on two findings, phytoplankton carbon biomass ( ) can be converted from the particle backscattering coefficient ( ) because of its their covariance with light scattering properties, and the phytoplankton growth rate ( ) can be obtained from the ratio of chlorophyll to phytoplankton carbon ( ) (Behrenfeld et al., 2005). The model is expressed as (Behrenfeld et al., 2005; Westberry et al., 2008):



where   is a parameter related to light-adjusted physiology and   is the euphotic zone depth. Compared with the chlorophyll-based model, the phytoplankton carbon-based model includes the carbon biomass and growth rate of phytoplankton, but satellite-based chlorophyll is still necessary when estimating the phytoplankton growth rate.




2.1.1.3 Phytoplankton absorption-based model

According to the radiative transfer theory,   is a function of the absorption coefficient ( ) and backscattering coefficient ( ), in which the absorption coefficient is the main influencing factor. Therefore, in the chlorophyll-based model,   can be replaced by the phytoplankton absorption coefficient ( ). This replacement avoids chlorophyll as an intermediate variable and establishes a direct connection between optical property (i.e.,  ) and NPP. Thus, this model eliminates the need of   (chlorophyll in essence, since  ). Furthermore, since the direct product of remote sensing is optical property, the input  of this model matches that of remote sensing (Lee et al., 2015).



As for the accuracy of the models, instead of the complexity of the algorithms, this actually depends on the input parameters (Carr et al., 2006). In this respect, Lee et al. (2015) proposed specific parameters to be improved from the algorithm mechanism to narrow the gap between satellite results and field measurements. Li et al. (2015) reviewed the efforts of ultraviolet radiation on the NPP calculation by satellite. In addition, autonomous platforms can provide direct measurements of parameters in the vertical structure of the water column, instead of inferring them from satellite algorithms (Balch et al., 2022). In addition to ocean color sensors, light detection and ranging (lidar) has been used to measure depth-resolved data for calculating NPP because it can detect the subsurface structure of ocean properties (Schulien et al., 2017).





2.1.2 The calculation of carbon export efficiency



2.1.2.1 Empirical models of carbon export efficiency

The carbon export efficiency [e-ratio=NCP/NPP; some articles define it in similar forms with a specific dataset (Table 1)] can be calculated with in situ measurements of NPP and NCP, or through the use of the empirical algorithm between the e-ratio and satellite-derived parameters (Henson et al., 2015). However, determining the in situ e-ratio presents a challenge as it requires simultaneous measurements of both NPP and NCP, which may suffer from temporal biases. For example, some particle matter may be too light to sink out of the euphotic zone, and it may take time for phytoplankton to be grazed and converted into zooplankton feces. Another drawback of this approach is the lack of available in situ data. Since the 1970s, scientists have been conducting researching on the empirical algorithm of the e-ratio. Eppley and Peterson (1979) innovatively defined the ratio of new production [supported by nutrient inputs out of the euphotic zone (Dugdale and Goering, 1967)] to NPP as the f-ratio and found a hyperbolic fit between the f-ratio and NPP. In a steady-state system, export production is equivalent to new production (Laws, 1991), so the e-ratio and f-ratio are numerically equivalent. Thereafter, Laws et al. (2000) assumed that the system achieved the steady-state condition and established an equation with temperature and NPP as independent variables to calculate the carbon export efficiency (denoted as the ef-ratio). The results revealed that the ef-ratio was negatively linearly correlated with temperature and positively nonlinearly correlated with NPP (Laws et al., 2011). They also found a hyperbolic relationship between the ef-ratio and NPP (Laws et al., 2000), which was consistent with Eppley’s conclusion. Dunne et al. (2005) proposed that the pe-ratio (defined in the corresponding article) was empirically related to temperature, the chlorophyll concentration, and euphotic zone depth. Henson et al. (2011) introduced the 234Th-drived POC export flux to the NPP ratio (referred to as  ) in their study. The relationship between the   and temperature was fitted exponentially, which differs from the linear fitting in the research of Laws et al. (2011). Additionally, at the same temperature, the numerical value the of   was always less than the ef-ratio as Henson et al. only calculated the export POC flux and did not account for the DOC flux, which is another significant component of carbon export production.


Table 1 | Empirical models for NCP calculation using remote-sensing proxies.



Notably, on a global scale, most studies suggest that the e-ratio is positively correlated with NPP and negatively correlated with temperature (Laws et al., 2000; Dunne et al., 2005; Dunne et al., 2007; Henson et al., 2011; Laws et al., 2011). However, there are some areas where this relationship may not hold and even be the opposite (Maiti et al., 2013; Stukel et al., 2013; Arteaga et al., 2018; Kelly et al., 2018; Henson et al., 2019). For example, Fan et al. (2020) discovered a “High Productivity Low E-ratio” phenomenon in the Subantarctic Zone and Polar Front Zone, where the e-ratio was not dependent on temperatures below 6 °C. Kelly et al. (2018) observed a positive correlation between carbon export efficiency and temperature and a negative correlation with NPP in the California Current Ecosystem, which they attributed to the influence of significant horizontal advection in the area. In addition, Henson et al. (2015) found that the e-ratio was positively correlated with NPP at low latitudes and negatively correlated at high latitudes. These conflicting results show that the e-ratio is regionally variable, and simple numerical equations applied on a global scale leads to significant uncertainties. Henson et al. (2011) estimated the global NCP range from approximately 5 to 12 Gt C y-1. Furthermore, several models that have been developed rely on databases of field observations, which are spatially sparse and mainly distributed in the Northern Hemisphere. For example, the modeling data used in Laws et al.’s study (2000) were obtained from 11 stations mainly located at low latitudes, which greatly reduces the global representativeness of the algorithm. In other words, the performance of the model is a function of the data selected to optimize the model coefficients, and the choice of data would affect the interpretation of the model’s results (Bisson et al., 2018).




2.1.2.2 Application of models and differential analysis of the results

NCP has been widely calculated using e-ratio models and satellite-based NPP. Munro et al. (2015) used three satellite-based NPP models (vertical generalized production model (VGPM), carbon based production model (CbPM), and a chlorophyll-based model specific to the Southern Ocean) to calculate the NPP of the Southern Ocean, and then combined these data with two common e-ratio models (Dunne et al., 2007; Laws et al., 2011) to predict NCP. Comparing these results with in situ biochemical data, satellite-based approaches suggest a more gradual change in NCP rates over the growing season. Similarly, Nevison et al. (2018) calculated NCP from three satellited-based NPP models (VGPM, CbPM, and a modified VGPM), each paired with two e-ratio algorithms (Laws et al., 2011). Xie et al. (2019) used monthly ocean NPP data predicted by a size-fractionated absorption-based production model (SAbPM) and the e-ratio model of Dunne et al. (2005) to calculate the global ocean POC flux for the period during 2003-2018. Their analysis revealed an annual average POC flux of about 8.5-14.3 Gt C yr-1, which gradually decreased over time.

NCP results vary depending on the empirical models used, including the machine learning methods mentioned below (Table 1). On the one hand, the modeling of the e-ratio differs because of the variations in original datasets and the spatial domains defined for NCP. On a global scale, NCP and POC flux cannot be strictly distinguished. Actually, contributions to NCP also derive from the DOC flux. The average global DOC flux accounts for approximately 17% of NCP in the open ocean, and during algal blooms, it can contribute up to 50%-70% (Hansell and Carlson, 1998). At some stations, annual NCP (ANCP) levels have been found to be three to four times greater than POC fluxes, but this trend is mitigated when considering DOC flux (Emerson, 2014). Roshan and DeVries (2017) suggested that the DOC flux peaks and accounts for half of NCP in oligotrophic subtropical oceans. As global warming continues, these regions will expand, magnifying the role of DOC in carbon export. In addition, various factors influence the e-ratio, including the phytoplankton community structure (which affects aggregation and sedimentation processes (Buesseler, 1998; Francois et al., 2002)), zooplankton activity (such as diel vertical migration and fecal pellets deposition (Cavan et al., 2015)), and the remineralization of microorganisms. On the other hand, estimating the e-ratio accurately can be challenging without sufficient temporal and spatial data for observing seasonal and regional variability. Models such as those proposed by Laws et al. (2000); Henson et al. (2011), and Dunne et al. (2005) replace the annual average e-ratio with an instantaneous value and do not capture seasonal variability, which is a critical factor controlling the carbon export to the deep ocean (Lutz et al., 2007). Several studies have shown that the e-ratio varies seasonally. For example, Yang et al. (2021) found that the maximum value of the e-ratio in the northwest Atlantic Ocean occurred between late August and early October. In the middle of October, the e-ratio turned negative and continued to decrease, reaching its lowest value in December. In regions where the NPP variability is strong, the seasonal variation in the e-ratio is obvious, and the errors of the NCP results may be up to ±60% (Henson et al., 2015).

From the perspective of empirical formulas for the e-ratio, the main input parameters, such as NPP, are obtained through the inversion of multiple satellite-derived parameters (as described in Section 2.1.1). This requires considering the spatiotemporal variations in these parameters, such as the photosynthetic efficiency, which has been a long-standing topic of debate. In addition, in the process of calculating NCP from remote sensing (from fundamental remote sensing reflectance to chlorophyll and inherent optical properties, and subsequently the e-ratio and final NCP), uncertainties of calculation results accumulate at each step and are propagated to the next step. Studies have found that the error in remote reflectance is within 10%, but for the NPP calculation, it may accumulate up to 100% (Carr et al., 2006). This also indicates the necessity of conducting in-depth research on the spatiotemporal patterns of photosynthesis. In terms of space, bio-optical provinces can be delineated, which often exhibit different optical properties due to the varying compositions of the water column. For example, Lewis et al. (2016) divided the Arctic Ocean into three bio-optical provinces, which are mainly influenced by rivers and carried materials (such as colored dissolved organic matter) and found that different regions have their own most suitable ocean color algorithms for chlorophyll. In terms of time, one approach is to study marine phytoplankton phenology through the use of remote sensing; for example, along the coast of the Mediterranean Sea, the growing season of phytoplankton starts in November and reaches its peak in February, with an average duration of about four months (Demetriou et al., 2022). Racault et al. (2012) pointed out that the growing season of phytoplankton in different marine areas around the world is influenced by factors such as light, nutrient supply, and climate patterns (El Niño and La Niña). The development of sensors and autonomous platforms has also improved the temporal spatial coverage of measured e-ratio values. For example, Burt et al. (2018) estimated e-ratio values using NPP from bio-optical measurements and NCP measured by underway mass spectrometry. In another study, Haskell et al. (2020) used biogeochemical profiling floats and a developed algorithm of the carbonate system to calculate NCP and eventually the e-ratio. This approach for assessing the e-ratio could be applied in many other regions.

Some other studies directly developed the empirical relationship between NCP and NPP with field measurements. Tilstone et al. (2015) developed four empirical models based on the data collected from Atlantic, Mediterranean, and Greenland seas. Ford et al. (2021) used these models to calculate the NCP in the Atlantic Ocean and evaluated the driving factors of net autotrophic regimes. In addition, Li et al. (2016) and Huang et al. (2012) studied the inter-annual variability of NCP and its controlling mechanism in the West Antarctica Peninsula region of the Southern Ocean by summarizing the logarithmic relationship between NCP and the sea surface chlorophyll concentration.






2.2 Based on the relationship between NCP and relevant parameters using machine learning

Machine learning has been widely used to solve complex problems in the marine field (Chen et al., 2019; Partee et al., 2021; Gloege et al., 2022). Based on the training data, machine learning is used to search for the optimal program that best matches the performance metric from numerous candidates (Jordan and Mitchell, 2015). In the case of calculating NCP, machine learning is used to find the most accurate regression equation between predictors (environmental parameters) and predictand (i.e., NCP). Chang et al. (2014) used O2/Ar-NCP measurements and satellite observations to predict the distribution of NCP in the Southern Ocean through the self-organizing map (SOM). This non-parametric approach is not restricted by prior knowledge. The complexity of the statistical relationship between the predictors and NCP is entirely determined by the data used in the training process. Furthermore, it can easily handle missing predictors, which often occur because of the limited coverage of cloud-free satellite data. Park et al. (2019) also used SOM to calculate the NCP of the Amundsen Sea Polynya. They found that the four variables (i.e., sea surface temperature, mixed layer depth, photosynthetically available radiation, and chlorophyll-a) appropriately reproduced the observed NCP. Moreover, they proposed to resolve the complex process of the bloom with additional NCP observations. Li et al. (2016) put forward genetic programming (GP) and support vector regression (SVR) to calculate global NCP based on Chang et al. (2014). The result showed that annual NCP distribution for the world’s oceans is more spatially uniform. In the same year, a hierarchical Bayesian method was applied to establish the functional relationship between NCP and chlorophyll-a in the Western Antarctic Peninsula (WAP), and the predictions were significantly correlated with in situ measurements (Li et al., 2016). Recently, the satellite NCP calculated with GP has been used to evaluate the impact of the Southern Ocean mixed-layer dynamics on NCP on multiple timescales (Li et al., 2021).

Among these methods, GP follows the principle of survival of the fittest and produces a solution to the given problem through genetic operators such as mutation, crossover, and the selection of a genetic operator. This hierarchical algorithm is typically based on a tree structure and is well-suited to solve non-linear problems. However, it is difficult to set an optimal stopping criterion, which would result in lengthy computing times. The Bayesian hierarchical model transforms the complex posterior probability problem into a conditional distribution problem, making it suitable for modeling temporal spatial data. However, this model requires prior knowledge and a calculation of the distribution of the posterior probability with random samples, which increases the uncertainty of the results. Although machine learning methods are more accurate in prediction compared to linear regression models, they operate similarly to a “black box” and do not provide obvious physical significance or transferability regarding the mechanisms governing NCP from the input parameters. Therefore, site-specific data are desirable to enhance the robustness of the model.





3 Semi-analytic models for NCP calculation

The food web model is a semi-analytical approach that explains the mechanisms of sinking particulate matter creation in the food web. Siegel et al. (2014) developed a simple food web model for predicting global ocean carbon export using satellite data. In this model, the sinking particle flux ( ) at the base of the euphotic zone is composed of algal aggregates ( ) and zooplankton feces ( ) (Equation 7). Furthermore, phytoplankton is divided into small- and large-size classes, and it is assumed that each class is grazed by the corresponding size (small or large) of zooplankton, and a fixed fraction of grazed carbon is converted into fecal pellets (  and  , which are 0.1 and 0.3, respectively). The algal export,  , is the product of the large-size phytoplankton NPP ( ) and the transformation efficiency ( ) (Equation 8). The   is modeled as fixed fractions of herbivory rates on small ( ) and large ( ) phytoplankton averaged over the euphotic zone ( ) (Equation 9). Satellite data are used to calculate NPP, the euphotic zone depth, phytoplankton carbon biomass [for estimating herbivory rates (Behrenfeld, 2010; Behrenfeld et al., 2013)], and particle size spectra [for partitioning the size class of phytoplankton (Kostadinov et al., 2009)], and subsequently predict TotEZ.







The herbivory rates on each size phytoplankton ( ) can be calculated using Equation (10). The left-hand side of the equation represents the rate of change in the phytoplankton biomass ( ) over time.   is the mortality rate of non-grazing phytoplankton,   is the mixed layer depth, and   equals 1 when  represents large phytoplankton and 0 otherwise. A detrainment term is included to account for the assumption that the biomass concentration decreases as the mixed layer deepens, where  =1 when x>0 and 0 otherwise. The subscript   of the aforementioned parameters denotes the  th size class of phytoplankton.



The climatological mean global NCP calculated by the food web model is about 6 Gt C y-1. Compared with the aforementioned empirical models, the food web model includes the ecological process of sinking particles, provides the relationship between biological structure and particle organic matter flux, and estimates the export efficiency (EZ-Ratio = TotEZ/NPP) with ecological realism (Laws et al., 2000; Siegel et al., 2014). Li et al. (2018) used this model to predict the POC export in the northern South China Sea (NSCS) and found the result to be accurate in the NCSC basin. While the aforementioned model primarily focuses on the gravitational sinking of export production, recent studies have also highlighted the significance of the other two pathways. Archibald et al. (2019) incorporated the contribution of zooplankton diel vertical migration (DVM) to the carbon export flux in the food web model. The DVM-mediated flux is the sum of respiratory DIC and fecal pellets in the twilight zone. The global carbon export flux calculated by this method is about 6.5 Gt C y-1, which is approximately 14% higher than that of the pure food web model. Behrenfeld et al. (2019) used satellite-mounted lidar to map the global DVM activities, which is a further refinement of the contributions of DVM to BP. Nowicki et al. (2022) proposed an assimilated data model that provides a comprehensive estimate of carbon export considering all the three pathways of the biological pump. The results showed that the global carbon export and DVM-mediated flux were 10.2 Gt C y-1 and 1.0 Gt C y-1, respectively. The fraction of gravitational sinking, migration, and physical mixing accounts for 70%, 10%, and 20% of the total export flux, respectively.




4 Discussion

The calculation of NPP from space has been mature, which is mainly attributed to the strong coupling relationship between NPP and other ecological parameters, as well as the availability of in situ NPP data for developing algorithms. Despite the fact that the pixel-level respiration rate can be calculated by using the empirical method (Westberry et al., 2012), community respiration cannot be directly measured from spectral characteristics, and NCP explicitly depends on the temporal-spatial domains. Therefore, the mechanistic relationship between satellite-derived proxies and NCP has not yet been established (Brewin et al., 2021). In addition, the calculation precision of satellite-based NCP described above (both empirical and semi-analytic methods) requires further enhancement. On the one hand, this is due to the inaccuracies associated with NPP. Research shows that 50% of uncertainty in the satellite-based calculation of NPP is attributable to input variables, among which, the chlorophyll concentration is the strongest influence; 22% of the discrepancy arises from discrepancies of the in situ data (Saba et al., 2011). On the other hand, there is insufficient in situ data to calibrate the algorithms. Future research on satellite-based NCP calculations should focus on the following aspects.



4.1 Increase the measurement capabilities of ocean color sensors

In order to reduce the uncertainties and obtain more constituent information about the water column from the limited ocean color features, it is necessary to optimize the performance of satellite sensors. First, the temporal and spatial coverage must be increased. As the first geostationary ocean color satellite, the Geostationary Ocean Color Imager (GOCI) realized the hourly observation of ocean color and made real-time ocean monitoring possible (Choi et al., 2012). Its successor, GOCI-II, offers a greater functional performance, with ten observations per day with a spatial resolution of about 250m over the Korean sea. An upcoming Geostationary Littoral Imaging and Monitoring Radiometer (GLIMR) is a hyperspectral ocean color sensor. It provides high temporal (70 minutes) and spatial resolution (300m nadir) ocean color data, which will help scientists better understand phytoplankton physiological processes and ecosystem production. Moreover, improving the spectral resolution of ocean color sensors makes it possible to acquire phytoplankton composition, which is conducive to biological pump analysis. In addition, some satellite sensors initially designed other than for the marine field are also playing a role in monitoring the ocean properties. For example, The European TROPOspheric Monitoring Instrument (TROPOMI), carried on Sentinel-5p, has been used for identifying phytoplankton functional types (Losa et al., 2017). Higher-resolution sensors, such as Landsat 8 OLI, have also been used for the retrieval of ocean suspended particulate matter and coastal floating vegetation. This highlights the importance of coordinated observations from multiple satellite sensors. Such integration can also overcome the issue of data gaps caused by the limited lifespan of individual satellites, allowing the construction of continuous time series of ocean color satellite data spanning several decades, providing a foundation for studying marine ecosystems under climate change (Henson et al., 2010). However, it should be noted that different sensors have differences in orbit, spatial resolution, revisit times, as well as the number and location of wavebands. Further efforts are needed for bias elimination and consistency verification of multiple satellite products.




4.2 Apply the satellite lidar in marine field

Nevertheless, the aforementioned passive ocean color instruments still have unavoidable limitations, including susceptibility to interference from clouds, aerosols, and the solar zenith angle; a limited detection depth restricted to the sea surface, which is unable to provide the vertical distribution characteristics of seawater components; and the inability to work at night. These limitations hinder our in-depth understanding of marine ecosystems. Comparatively, active satellite instruments, such as satellite lidar, can penetrate the sea surface with a high-power pulsed laser, allowing the detection of vertical profile information of the optical parameters of the water column, which has significant advantages in observing the vertical structure of the ocean. For example, Schulien et al. (2017) improved the accuracy of NPP estimation within the water column by using the backscattering coefficient of suspended particles and the downward irradiance attenuation coefficient obtained from high-spectral-resolution lidar. Zheng et al. (2022) used spaceborne photon-counting lidar to detect the vertical structure of the chlorophyll concentration in upper-layer seawater. Moreover, in high-latitude areas such as the Arctic Ocean, the spatial coverage of ocean color sensors is less than 20% from October to March of the following year due to the influence of clouds and a low solar zenith angle. In contrast, satellite lidar can operate under conditions where ocean color sensors are unable to work. Currently, the use of satellite lidar for marine research is still in its infancy. In the future, with the combination of ocean color sensors and satellite lidar, it is expected to form a synergistic ocean observation constellation. This system will greatly expand the spatiotemporal coverage of global data and contribute to a deeper understanding of the vertical characteristics of the ocean, providing new insights into the development of satellite remote sensing algorithms and marine biogeochemical processes.




4.3 Explore the mechanisms that regulate NCP

Due to the complex and diverse influence factors of NCP, it is difficult to establish pure empirical algorithms with significant regression relationships. The performance of the food web model is comparable to or better than that of purely empirical formulations (Stukel et al., 2015) since this approach models the evolution processes of export production and then integrates these mechanistic relationships into satellite algorithms. A science plan, Export Processes in the Ocean from Remote Sensing (EXPORTS), focuses on ecological and biogeochemical mechanisms that control the carbon export, then tracks the fate of the carbon export from space, estimates its impacts on the global carbon cycle, and even future climate states using Earth system models (Siegel et al., 2016). The Plankton, Aerosol, Cloud, Ocean Ecosystem (PACE) mission aims to improve the knowledge of marine carbon cycles and food webs, which is expected to enable advances in the marine biogeochemistry cycle (Werdell et al., 2019). Above all, the NCP regulating mechanisms, including plankton community composition, food web relationships between community organisms, grazing dynamics, and physical oceanographic processes deserve attention from more in-depth research projects.




4.4 Develop regional models with more in situ observations

It should be noted that the generalized models for calculating global carbon export fluxes are difficult to apply in specific areas. One approach is to use autonomous platforms, such as biogeochemical Argo (Claustre et al., 2020) and underwater gliders (Rudnick, 2016), along with in situ sensors such as acoustic backscatter sensors (Ohman et al., 2019) and optical sediment traps (Estapa et al., 2017). These platforms and sensors can provide a wealth of measured data on physical and biogeochemical properties, as well as zooplankton vertical migration and particle sinking processes. By combining these data with the biogeochemical provinces, regional algorithms can be modeled, and parameters can be fine-tuned. Furthermore, by integrating in situ data and satellite observations, data-assimilated models have been established. For instance, Nowicki et al. (2022) quantified three pathways of carbon export on both regional and global scales, which further deepened our understanding of the biological pump process.
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